Nine cooperating rule-based systems, collectively called AUTOCREW, were designed to automate functions and deci sions associated with a combat aircraft's subsystems. The or ganization of tasks within each system is described; perfor mance metrics were devel oped to evaluate the workload of each rule base and to assess the cooperation between the rule bases.
INTRODUCTION
The computational and symbolic processing requirements for pilot-aiding systems pose many problems, e.g., multi-task scheduling and intersystem cooperation [1.2] . Expert systems, which are computer programs usually developed in a symbolic processing language such as LISP or PROLOG, have emerged to solve difficult domain-specific problems [3] . The designer generally extracts heuristics and specific knowledge from do main experts. This information is used to formulate a knowl edge base consisting of parameters and rules. An inference en gine uses rules to conduct a search and to set parameters, thereby inferring knowledge about the problem domain.
Problem identification in the flight environment and expert system development has led to the design and implementation of expert systems in the areas of navigation, emergency proce dures, and air traffic control [4] [5] [6] [7] [8] [9] 27] . The introduction of mul tiple system concepts such as global blackboard architectures for information exchange between knowledge bases has been succcssful in aerospace implementations [2, 10] . However, methods in multiple knowledge-base development, syst ems integration, and ensemble prototyping need further research if complex systems are to be systematically developed for flight domain operations or other problem areas.
A logical task classification scheme is a key factor in the successful development of multiple rule-based systems. In this paper a logical task structure ror the combat aircraft domain was developed, using as the structural paradigm a World War II bomher crew [I I] . Based on this model, an ensemble of nine cooperating rule-based systems called AUTOCREW [12,13J was developed. Each system figuratively emulates a crew member's task responsibilities. There are two main advantages to designing modular rule-based systems. The first is transfera bility: The crew structure is applicable to all aircraft types. For a civil transport application, the combat-specific modules are removed from the ensemble, and dctail changes are made in the remaining modules. The second is modularity, which facilitates initial design and debugging and promotes the addition of future capabilities.
To illustrate some of the issues involved in the design of an AUTOCREW subsystem, the problem of navigation sensor selection was studied in detail. With a large number of available navaid sensors. choosing an optimal or near-optimal sensor set hecomes a large comhinatorial problem. Convergence towards an optimal sensor configuration requires an exhaustive com puter search utilizing simulation results as the basis for selec tion. In contrast, a small number of available navaids reduces the decision space considerably. Hence, a dilemma occurs; in creasing sensor capability (and thus reliability and performance) increases decision-making complexity.
A Navigation Sensor Management (NSM) Expert System that controls the selection of multi-sensor configurations was developed for AUTOCREW Navigation sensor selection pre sents an interesting knowledge acquisition problem because traditional methodologies, such as domain expert interviews, do not provide sufficiently detailed information to design a robust expert system [14, 15) . Two on-board navigation aids (Doppler radar and Air data sensor) and five radio navigation systems (Global Positioning System, LORAN. TACAN, DME, and VORl were modelled and covariance results obtained using a U-D implementation of the Kalman Filter equations [12, 16, 17, 21) . Up to three ground stations and four satellites were simulated for typical high-performance. commercial jet trans port, and general aviation aircraft trajectories. Mixed sensor simulations also were performed. These results provided the combinatorial, multi-factor source required for knowledge-base development.
The Analysis of Variance (ANOVA) statistical technique [18) was applied to the covariance results to identify the factors that cause variation in navigation performance. Once the impor tant factors were identified. the relationships between them were determined. The ID3 algorithm [19] , an inductive infer ence technique based on the probabilistic occurrence of events, was used to find these attribute relationships. Details of the development of thc NSM Expert System are described in Refs. 16 and 17 , and the main results are shown in this paper.
AUTOCREW DESCRIPTION
The nine AUTOCREW compunents are COPILOT (flight control, aircraft performance, terrain following), ENGINEER (sy,tem diagnosis, rcconfiguration, cmergeney procedures), NA VIGA TOR (navigation sensor management, nav error state estimation, dynamic route pIa nning), COMMUNICATOR (radio/data operations), OBSERVER (lookout and alarm, iden tification friend or foe) ATTACKER (offensive weapon con trol, target acquisition/prioritization), DEFENDER (defensive weapon control), and SPOOFER (electronic measures/counter mea,urcs). The ninth rule-bascd system. the EXECUTIVE, functions on a higher level than the other, more task-specific systems. The EXECUTIVE coordinates mission-specific tasks and has knowledge of the mission plan. In the AUTOCREW scheme, the human aircraft Pilot acts in the capacity of missiun coordinator. The Pilot monitors the AUTOCREW systems and attends to mission planning and problems identified by the AUTOCREW components. The Pilot has full control of the aircraft and its on-board systems, and AUTOCREW can pro- vide automatic assistance whcn requested. In total, the AU TOCREW system performs 5 I I tasks, is comprised of 406 rules, and uses 89 shared parameters [12).
Knowledge-Base Development of AUTOCREW Components
Five main task groups are performed by each AUTOCREW component: I) tasks executed during an attack on the aircraft, 2) tasks executed during aircraft subsystem emergency or po tential threat situations, 3) additional tasks ordered by the EXECUTIVE. 4) tasks executed on a routine basis, and 5) mis sion-specific tasks that (for the most part) are executed once and that require a high degree of cooperation among the various systems. Mission-specific tasks are divided into groups approp riate to each mission phase [12) . Figure I shows the graphical representation of AUTO CREW's NA VIGA TOR knowledge base (see Refs. 12 and 13 for dctails of the AUTOCREW knowledge bases), The NAVIGATOR's tasks are comprised of navigation sensor man agement, navigation state and crror estimation, and dynamic route planning. As seen in the figure, detection of an in-bound enemy triggers the NAVIGATOR to perform defensive tasks. Rule N04 shuws that the NAVIGATOR finds the nearest friendly airfield able to serve the aircraft from its stored airbase information.
The NAVIGATOR also uses the OBSERVER's information on friendly aircraft in the area and plans a recovery route. It is extremely important that the aircraft's location is known ac curately in order to avoid such danger zones as Surface-to-Air Missile (SAM) belts. Tactical aircraft carry inertial navigation systems (INS) for high-frequency navigation information. A Kalman Filter can be used tu integrate external navaids with an INS to estimate navigation errors. Therefore, the integrated or hybrid INS gives accurate high-frequency navigatiun infor mation with bounded errors in the state estimates (Rule N09). The magnitudes of these errors depend on the accuracy of the navaid selected. Hence. an optimal set of navaids must be selected to minimize the state estimate errors. The The NA VIGA TOR also is responsible for routinely monitor ing flight plan progress [22] . The NAVIGATOR first deter mines if the aircraft is closing on the target area. This informa tion initiates additional tasks in the remaining AUTOCREW knowledge bases. The NA VIGATOR keeps a record of aircraft positions, restricted zones, and areas of weather disturbances as determined by the OBSERVER (Rule NI8). If the airspace "picture" changes enough so that the flight path conflicts or other potentially undesirable situations occur, the NA VIGATOR generates an alternate route to the destination.
An alternate route also is planned in the event that the NA VIGATOR determines that the route progess is hehind schedule; if the ENGINEER is concerned about the aircraft's fuel consumption, the NA VIGA TOR may formulate an alter nate route to minimize fuel expenditure. The EXECUTIVE is consulted when the NA VIGA TOR recommends an alternate route. The EXECUT IVE considers the effect of the route change on the overall mission plan and aircraft's safety. and it makes a GO/NO GO recommendation (Rule N 17). The Pilot can accept or reject the EXECUTIVE's recommendation in Rule N19. If the new route is selected. the NAVIGATOR posts the route plan details on the display. As noted above, the iEEE AES Systems Magazine, June 1991 COPILOT changes its steering commands in response to the route change. When the A TT ACKER acquires enemy targets and the plan is to engage, the NAVIGATOR generates routes to each target : as seen in Rule N20.
AUTOCREW Simulation Results
Simulation and comparative workload results for two mission scenarios are given in this section. The scenarios are inbound SAM attack on the aircraft and Pilot incapacitation, Results are presented for five mission phases (routine. preflight, launch, attack, and recovery) and three emergency conditions (inbound weapon, enemy aircraft detected, and pilot incapacitated).
AUTOCREW workloads for three emergency conditions were obtained and compared with the routine workload. refer red to as "cruise mode" (Table I ). For the three scenarios the workload progressively increases as the situation gets worse. There is a dramatic increase in workload between cruise and attack modes with an inbound SAM, and there is an additional increase between the inbound SAM scenario (cruise), and in bound SAM with the Pilot incapacitated (cruise). The workload nearly doubles for an inbound SAM when the aircraft is already engaging another aircraft (attack mode).
A comparison of the workload distribution among the AUTO CREW members fur each of the given mission phases and emergencies considered in the simulations is shown in Fig. 2 .
The Rule Fraction is the ratio of number of rules fired during the mission phase for the specified AUTOCREW member to the total number of mission phase rules in all AUTOCREW knowledge bases [12] . The Parameter Fraction is the ratio of number of tasks performed during the mission phase for the Fig. 2 ). The ATTACKER's workload also increases at this time, as it monitors the DEFENDER's firepower capability. Thcre is evidence of more SPOOFER decision-making when an enemy aircraft is detected than when the OBSERVER detects an inbound weapon. This is due to its Electronic Counter Meas ures (ECM) strategy consultation with the EXECUTIVE. The COPILOT's workload also increases during these two emergency conditions; in both scenarios, the COPILOT selects an appropriate evasive maneuver. These selections are based on the aircraft capability information provided by the EN GINEER. The EXECUTIVE's workload also increases at this time to assist the Pilot in making decisions. When the Pilot is unable to make any decisions due to incapacitation, the EXECUTIVE becomes the primary decision-maker, as shown in Fig. 2 . The COMMUNICATOR's workload increases ap proximately 20'7c above its routine tasks to relate the Pilot's circumstances to hi, wingmates. The NAVIGATOR's and COPILOT's specific tasks in this situation correspond to a workload increase of 16cl c a, shown in the figure. The EN GINEER's major task during this scenario is in the detection and cvaluation of the Pilot's state of incapacitation; these tasks result in a 10'7c workload increase.
Summary of AUTOCREW Development Methodology
The methodology used to develop the AUTOCREW knowl edge bases is summarized as follows:
I. Divide each knowledge base into major task groups. The AUTOCREW knowledge bases are divided into three main 6 2.
3.
groups; emergency procedure tasks, routine tasks, and mis sion-specific tasks.
Order the task groups from most important to least important based on the time-critical nature of the task group. The inference engine chosen to infer parameter values influences where the task groups are placed within the knowledge base. For example, a depth-first search mechanization is used in this research, so the search direction is top-down and from left to right [9] .
Break the major task groups into subtasks. The detail of subtasks built into each knowledge base is based on the amount of detail necessary to communicate system func tions; this is left to the designer's discretion.
4. Identify the areas of cooperation between knowledge bases. Cooperati ve and synchronized tasks are specified as shared parameters within the cooperating systems.
5. As search proceeds, parameter values can be set in three ways: ask the user, infer the value using search, determine the value using numerical evaluatiun.
6. The functional relationships (e.g., AND/OR) between parameters is made throughout the design process when formulating relationship rules.
DEVELOPMENT OF A NAVIGATION SENSOR
MANAGEMENT EXPERT SYSTEM FROM SIMt:LATION DATA
The remainder of this paper focuses on the issues involved in designing the navigation sensor selection expert in NA VIGATOR. This example demonstrates how simulation data and statistical analysis can be used to systematically design an expert system.
To determine the performance of the various hybrid navaid combinations, the following U-D Kalman Filter simulations were performed: The root sum of squares (RSS) of the north and east compo nent errors was selected for the hybrid system performance de cision metric. The primary function of this expert system is to select the external navaid sensors that provide the smallest pos sible RSS position error from a large set of available sensors.
The Analysis of Variance (ANOVA) technique [18] is used to identify the factors that make statistically significant contribu tions to the decision metric. Then, the ID3 algorithm determines the relationships between these factors [19] .
Identifying Important Factors Using ANOV A
The RSS position error histories from over 200 covariance ,imulations were obtained, and the data were used in an ANOV A four-factor navaid experiment. The goal of the exper iment was to identify which of the factors (navaid type, number
• Since each trajectory consists of four, 15-minute legs. the Performance History (or "time interval") factor refers to the RSS performance obtained within each 15-minute time frame . Four single-station, six double-station, and four triple-station hybrid, were simulated using combinations of four different
Stations (named Stations A-D) [12,17].
The ANOY A technique was applied to the simulation results as follows: First, the mean value of the RSS position error and the variance using all simulation data were computed. The ANOY A model decomposes the variance into a sum of vari ances, each associated with a potentially contributing factor and factor interactions. For example, if a two-factor ANOY A experiment using navaid type and number of ground stations was performed , the total variation ofthe RSS position error in the complete set of simulation results would be: Here. SSTOTAL is the total variation in the RSS position error based on all simulations, SS NAVAIDS is the contributing variation in the RSS position error due to using different navaid types, SSSTATIO NS is the contributing variation in the RSS position error due to the numbers of ground stations, and SS NA V-STATI ON IN T ERACTIONS is the contributing variation in the RSS position error due to interaction effects. SSUNEXPLAINED is the variation in the RSS position error that cannot be attributed to navaid type. the number of stations, or interactions between these two factors.
Equation (1) was expanded for the four-factor navaid exper iment defined by Model l r 12, 171. Using the computed sums of-squares, Schcf fc multiple comparison tests were performed to identify the specific differences within the groups (e.g., RSS position error differences between different navaid types),
Extracting Rules Using Induction: The ID3 Algorithm
The 103 Algorithm uses inductive inference to extract rules [191 from an example set. The problem space is described in terms of attributes, where each attribute is characterized by a set of values that define the possible "states." For example. in Model l, the navaid type and number of ground stations were The 103 algorithm's task was then to determine how these at tributes were related to each other and to the final RSS position error.
The classification scheme chosen to represent the RSS pos ition error endnode in the NSM decision trees is depicted in Table 2 . Sinl:e an approximate prediction of the RSS position error was of interest, it was appropriate to represent the RSS performance in terms of an error range.
The velocity, distance, and line-of-sight angle attributes were expressed in terms of ranges instead of individual values, so the expert system weights trends more heavily than specific example,. This makes the expert system more adaptable to new conditions, because matches between the actual and knowl edge-base cases can be obtained more frequently.
The example set was developed using the attribute framework described above. The RSS position errors for each simulation wcre classified on each trajectory leg using the scheme in Table   2 . The ID3 example base was then created from each single-, double-, and triple-station simulation.
NSM Decision Trees
The NSM example set was divided into 17 smaller example sets. The GPS and onboard navaid examples were grouped into Olle expert, whereas the ground-based navaid examples were divided according to navaid type and time (l5-minute inter vals). The ID3 algorithm constructed decision trees for each of the 17 small expert systems to comprise the larger NSM Ex pert. The total number of examples used to develop the NSM Expert System was 932, based on 260 Kalman Filter covariance simulations. An additional 37 simulations were performed to obtain a decision tree to estimate RSS performance when dif ferent navaid types are combined. The NSM expert systcm prompts the user for a set of flight conditions commensurate with the attribute/value lists used in the example set, and the resulting RSS classificatiun code i� returned to the user from the deci sion tree. LOS angle, and groundspeed are results of the aircraft's motion; hence, they represent more specific problem parameters, and it is expected that these parameters appear deeper in the decision tree. Figure 3 also shows that distance, ground velocity, LOS angle, and hybrid performance history are significant factors in RSS error prediction.
The decision tree in Fig. 4 shows what position error range is expected when different navaid types are integrated in a hy brid system. The RSS position errors for these simulations were averaged over the entire flight time for the high-performance trajec tory. The tree is organized in terms of the navigation method used: I) Distance-Velocity ( p -V), 2) Bearing-Velocity (9-V), 3) Distance-Bearing (p -9),4) Distance-Distance (pp). 5) Bearing-Bearing (9 -e), and 6) Velocity-Velocity (V V). These results show that LORAN is a better distance-measur ing navaid than DME and that Doppler Radar provides better navigation accuracy than the Air Data Sensor when p -V navi gation is used. The p -e results show that it is possible to ob tain good performance when LORAN and VOR are used. The LORANIDME hybrid gives better results than two DME sta tions but worse performance than two LORAN stations. By far the worst results are obtained using two VOR stations.
Performance of NSM Expert on Test Trajectories
Two high-performance trajectories were used in the perfor mance evaluation of the NSM Expert. Single-, double-, and triple-station combination hybrids were simulated on each test trajectory for the DME, VOR, TACAN, and LORAN systems. 
. Performance of Navaid Experts on Test Trajectories
In total, 60 covariance simulations were performed for the two test trajectories The performance results for each of the 60 simu lations were classified on each trajectory leg according to the scheme in Table 2 . The total number of matches was counted on each leg of each test trajectory for the seven navaid types studied. The NSM Expert System was run 488 times in order to determine the number of matches for each system on the test trajectories. Figure 5 shows the NSM Expert's performance in predicting the RSS position error for each hybrid configura tion. The predictive per formance metric for each navaid is de fined as the percentage of number of matches obtained from the total number of combinations tested for that navaid.
The NSM Expert performed very well on the two test trajec tories. Figure 5 shows that the NSM Expert correctly predicts the RSS position error beller than 70% ofthe time on test Trajec tory #1. The system required only the trajectory information and its k nowledge of hybrid system performance to make these predictions. However, its predictive capability on test Trajec tory #2 is slightly worse for the LORAN hybrids (69%), con siderably worse for the YOR (45%) and Air Data sensor hybrids (53%), and identical for the remaining configurations. Hence, the results from Trajectory #2 suggest that additional investi gation into trajectory effects on YOR's and Air Data Sensor's performance may be necessary.
Selecting Navigation Strategies Using the NSM Expert System
The NSM-Recommended Navaid strategies were compared with covariance-determined strategies for various navigation sensor suite scenarios [12, 17] . For example, the NSM Expert was asked to find the best two-measurement hybrid strategies for the following navaid sensors: In addition to recommending navigation strategies from a given set of sen,or,. several heuristic sensor selection schemes were determined from the ANOYA results, the Scheffe' com parisons, and the ID3 decision trees.
For single-type hybrids whose ground stations are at or near the same location, the ranking in order of best to worst perfor mance was determined from ANOY A and the Scheffe tests as follows:
Ranking heuristic for = (GPS, LORAN or TACAN, DME, YOR) co-located navaids The ranking scheme above applies to single-station hybrids (or double-satellite GPS hybrids). The Scheffe comparison results show that a T ACAN or LORAN selection depends on trajectory effects; this means that either a TACAN or LORAN hybrid could provide statistically lower RSS position errors depending on the aircraft flight path with respect to the stations being com pared. The ranking heuristic is accurate with a 99% confidence level. If non-colocated stations are compared. trajectory effects must be considered for these single-station hybrids. The ANOV A and Scheffe comparison tests showed that double-sta tion hybrids provide much smaller RSS position errors than single station hybrids 112, 16, 171. The performance difference between twu and three statiuns is nut as dramatic but is nonethe less statistically significant.
The LORAN and DME results in Ref. 12 show that aircraft trajectory significantly affects RSS performance when single station INS hybrids are used. TACAN is less sensitive to trajec tory effects than LORAN, DME. and VOR for single-station hybrids because T ACAN provides distance ( ) and bearing ( ) measurements (i.e.. navigation) frum the aircraft to the station, enabling a position fix to be made. In contrast, the single station LORAN, DME. and VOR hybrids each use only one measurement to recalibrate the INS, so a position fix cannot be madc. Howcvcr. when two or three stations of LORAN or DME are used. a position fix is provided ( navigation), and the RSS performance becomes less sensitive to trajectory effects. The main conclU!,ion derived frum these ANOV A results was that navaid ranking should be cautiously applied to single-station hybrids, since these are highly-sensiti ve to trajectory effects.
For multi-station hybrids of the same navaid type, the ANOV A and ID3 results provide the following ranking scheme frum best to worst navigation performance as follows [12] :
Ranking heuristic for multi-= (4 GPS, 3 GPS. 3 LORAN.
station hybrids 2 LORAN. 3 T ACAN, sensor hybrids 2 TACAN, 3 DME, 2 DME. Doppler Radar. Air data sensor, 3 VOR. 2 VORl
However. the decision trees highlight the importance of trajectory effects in RSS position error estimation.
CONCLUSIONS
This paper summarized two research effurts tu develop expert systems using systematic methods: The design methodology for multiple cooperating rule-based systems, and the develop ment of a navigation sensor management system. Nine modular rule-based systems. collectively called AUTOCREW, wcrc dc ,igned to automate functions and decision, associated with a cumbat aircraft's subsystems. AUTOCREW was based on a typical World War II bomber crew. The nine AUTOCREW knowledge bases were designed individually; areas of cooper ation between the knowledge bases were identified, and com mon information was designated as "shared" information. Each knowledge-base was designed using a graphical symbology that clearly illustrated the relationships between functional and de cision-making tasks. Performance metrics were developed to evaluate the workload of each knowledge base and to assess the cuuperation between the rule-bases.
The NAVIGATOR's sensor management task was designed in detail. The performances of seven navigation systems aiding a medium-accuracy Inertial Navigation System (INS) were in vestigated using Kalman Filter covariance analyses. A Naviga-tion Sensor Management Expert System was formulated from covariance simulation data using the Analysis-of-Variance (ANOV A) method and the ID3 algorithm. ANOV A results show that statistically different position accuracies are obtained when different navaids are used, the number of navaids aiding the INS is varied, the aircraft's trajectory is varied. and the performance history is varied. The ID3 algorithm determines the NSM Expert's classification "rules" in the rorm of decision trees. The performances of these decision trees were assessed on two arbitrary trajectories and the results demonstrate that the NSM Expert adapts to new situations and provides reason able estimates of the expected hybrid performance. The NSM Expert's good performance, given its relatively small training set, is very encouraging. It demonstrates that carefully-planned simulation experiments can be used to develop a fully-opera tional expert system with a designer-specified performance ef fectiveness.
Other aerospace applications that are good candidates for the ANOV A!ID3 method are pilot strategies from simulation or night tesl data, selection of ECM and ECCM modes, iden tification of weather hazards. target prioritization and offensive! defensive weapon selection for combat applications. In each case. simulation or operational experiments may be utilized for the systematic development of an expert system advisor. 
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